Accurate estimation of evapotranspiration from remotely sensed data typically requires accurate estimation of net radiation, sensible heat flux, and soil heat flux (G). The focus of this paper is on evaluating the accuracy of commonly used empirical soil-heat-flux-estimating equations. The equations were applied to estimate the ratio (Γ ) of G to net radiation using 250-m resolution Moderate Resolution Imaging Spectroradiometer (or MODIS) vegetation index data from the Terra and Aqua satellites and ground measurements at three sites in China that represent humid, semi-arid, and arid climates.
Introduction
Remote sensing evapotranspiration (ET) algorithms often solve ET as a residue of the energy balance equation (i.e. ET = Rn − G − H, where Rn is net radiation, G is soil heat flux, and H is sensible heat flux) (Bastiaanssen et al. 1998; Su 2002; Sun et al. 2009) . G is often indirectly estimated through empirical regression equations. Given that accounts for 5%̶50% of Rn (e.g., Moran et al. 1989; Boegh et al. 2002; Su 2002) , the G-estimating equation could potentially affect the accuracy of the resulting ET estimates (Sun et al. 2009 ).
Various analytical methods exist for satisfactory 627 estimation of G from a combination of time-series data and estimates of soil properties. Harmonic-based methods (e.g., Verhoef 2004; Murray and Verhoef 2007a and b; Núñez et al. 2010) , which estimate G from routine weather data and soil properties such as soil thermal inertia and soil thermal conductivity, have recently been extended for estimation of G using 15-min land surface temperature from the Meteosat Second Generation (MSG)-SEVIRI data and other remote sensing data for estimation of soil thermal inertia (Verhoef et al. 2012; van der Tol 2012) . The half-order time derivative method (Wang and Bras 1999; Hsieh et al. 2009 ) is an analytical method that estimates the diurnal variation of G from soil thermal inertia and time-series measurements of soil surface temperature by considering the abrupt change of land surface temperature due to the effect of cloud. This method has been applied to estimate global soil heat flux from reanalysis data (Bennett et al. 2008) . Analytical methods depend on soil thermal properties and diurnal variation of soil surface temperature, making them unsuitable for application to polarorbiting satellite data, which provide one or two measurements a day. Alternatively, empirical but straightforward Gestimating equations exist that estimate G/Rn as a function of remotely sensed albedo, surface temperature, vegetation index, or even a combination of the three. These equations can be used with polar-orbiting or geostationary satellite data and were therefore commonly applied in remote sensing ET algorithms (Bastiaanssen et al. 1998; Su 2002; Batra et al. 2006) . Rn is an essential input in ET algorithms; thus, G will be easily obtained when the value of G/Rn is known. A variety of empirical equations exist depending on the type of input data and the model structure.
The purpose of this study is to evaluate the accuracy of commonly used empirical equations for estimating G/Rn and to introduce a new improved empirical equation. The study is conducted in three different regions in China that represent different climatic conditions and land surface characteristics. The paper is organized as follows. Section 2 introduces the empirical equations considered in this study, followed by description of the datasets and evaluation metrics in Section 3. Results and discussion are presented in Section 4, followed by Conclusions in Section 5.
Remote sensing-based G-estimating equations

Overview of commonly used G-estimating equations Empirical equations exist for estimating the ratio (Γ)
of G to net radiation:
Γ is typically estimated using remotely sensed land surface information in an empirical model. Table 1 summarizes the most commonly used algorithms for estimating Γ. Equation (G1) relates Γ to the Normalized Difference Vegetation Index (NDVI) through an exponential relationship (Moran et al. 1989) , while G2 assumes a linear relationship between the two (Boegh et al. 2004 ). The G1-estimating equation has been used in the remote sensing ET algorithms of Batra et al. (2006) and Venturim et al. (2008) . G3 and G4 estimate Γ as a weighted average of Γ for two extreme land surface conditions (Γ over bare soil (Γsoil) and Γ over vegetation (Γveg)), and the weights are assigned on the basis of the vegetation coverage fraction ( fv) estimated from vegetation indices. G3 uses Γsoil = 0.5 and Γveg = 0.1 (Boegh et al. 2002) , while G4 uses Γsoil = 0.35 and Γveg = 0.05 in the surface energy balance system (SEBS) algorithm (Su 2002) . G5 uses albedo and surface temperature information besides NDVI and estimates Γ as the product of two components: the conductive heat transfer in soil and the attenuation of radiation through canopies (Bastiaanssen et al. 1998 ). The G5-estimating equation has been used in other ET algorithms (e.g., Roerink, et al. 2000; Zhang et al. 2006; Gao et al. 2008 ).
To understand the similarities and differences of the different equations, we have presented the theoretical simulations of Γ for a large range of vegetation cover conditions in Fig.1 . G1 and G2 produce similar estimates over a large range of NDVI values (from 0.20 to 0.70), but significantly different estimates outside of this range. The maximum difference between the G1 and G2 estimates is less than 0.10 and occurs at NDVI values close to zero or close to one. G3 estimates are consistently higher than G4 estimates, and the discrepancies increase for lower vegetation cover densities. The estimates produced by G5 are much lower than the estimates produced by Eqs. (G1) through (G4).
A new improved equation for estimating G
Equations (G1) through (G4) depend only on the vegetation index and neglect the effect of soil moisture condition on Γsoil, which may be a source of error in Γ estimation. Here, we develop a new Γ-estimating equation that considers the effect of soil moisture condition on Γsoil.
Following Sun et al. (2009) , Γsoil can be expressed as:
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where Γsoil-dry represents Γ over dry bare soil, Γsoil-wet represents Γ over wet bare soil, and M is the soil moisture index. M can be directly estimated from soil water content of surface layer (Sun et al. 2011) :
where W is the volumetric soil water content, Ws is the saturated water content, and Ww is the wilting coefficient. W can be estimated from the bare soil albedo (αsoil) using the following equation (Lobell and Asner 2002; Wang et al. 2005; Gascoin et al. 2009 ):
where a and b are empirical coefficients that vary with the soil types. The bare soil albedo can be estimated Bastiaanssen et al., 1998; Roerink, et al., 2000; Zhang et al., 2006; Gao et al., 2008 Moran et al., 1989 Batra et al., 2006; Venturim et al., 2008 Equation for estimating Γ Table 1 . Γ-estimating equations evaluated in this study. Fig. 1 . Simulations of the G1-, G2-, G3-, G4-and G5-estimating equations in Table 1 . For G3 and G4, fv is calculated using the fv estimation equation of G4 while NDVImax and NDVImin are set as 0.87 and 0.18; for G5, α = 0.2 and Ts = 20°C.
Boegh et al., 2002
from surface albedo (α) and vegetation albedo (αveg) using the following relationship (Sun et al. 2009 ):
Putting together all the above equations, the new Eq. (G6) for estimating Γ is:
, and (6b)
where NDVImax and NDVImin are the NDVIs for full vegetation ( fv = 1) and bare soil ( fv = 0), respectively. Applying G6 (Eq. 6a) to solve for Γ requires estimates of fv, Γsoil, and Γveg. Following Carlson and Ripley (1997), fv can be estimated from Eq. (6b) using NDVI values. Although Γveg may slightly vary within the range of 0.05 to 0.15 depending on the vegetation type, it can be fairly assumed constant. Equations (G3) and (G4) set Γveg to 0.1 and 0.05, respectively. In G6, we set Γveg to 0.1, and the maximum potential error in the Γ estimation due to this approximation is under 5%. Solving for Γsoil requires inputs of Γsoil-wet, Γsoil-dry, Ws, Ww, and αsoil. Similar to Γveg, Γsoil-wet can also be set to 0.1 (Boegh et al. 2002) . The inputs Γsoil-dry, Ws, and Ww depend only on soil type and can therefore be obtained from measurements or tabulated values. In this study, the inputs were obtained from ground measurements or from laboratory experiments ( Table   2 ). Γsoil can be estimated from Eq. (6c) in two ways: by solving for a and b in Eq. (4) using concurrent ground measurements of W and αsoil or by solving for A and B in Eq. (6c) using concurrent ground measurements of Γsoil and αsoil. In this study, the latter approach was used.
Methodology
We evaluated the accuracy of the six Γ-estimating equations through comparisons with ground-based flux tower measurements at three sites in China that represent different climatic regimes (humid, semiarid, and arid), land cover characteristics (paddy, irrigated crops, and shrubs), and soil types (silty clay loam, loam, and silt loam), as shown in Table 2 .
Ground-based flux tower measurements
We obtained ground-based flux tower measurements at three sites in China: Taoyuan (humid site), Yucheng (semi-arid site), and Fukang (arid site); see Table 2 soil moisture index, and αsoil. The measurements of Γ and α when fv is less than 0.1 were used to fit Γsoil and αsoil, respectively, at the Taoyuan and Fukang sites.
Satellite remote sensing data
We applied the six different Γ-estimating equations to the MODIS satellite sensor datasets over the three flux tower sites. MODIS sensors are on board two satellites (NASAʼs Terra and Aqua) and can provide observations in the visible and near-infrared region. A number of land surface data products derived from MODIS are available at http://modis-land.gsfc.nasa. gov. We obtained 16-day composite Terra/MODIS (i.e., MOD13Q1) and Aqua/MODIS (i.e., MYD13Q1) products at 250-m resolution, which is made based on atmospherically corrected red (ρred) and near-infrared We calculated the Soil-Adjusted Vegetation Index (SAVI; see Table 1 ) from atmospherically corrected ρred and ρnir (Boegh et al. 2002) .
Performance statistics
Let EST represent the Γ value estimated from the MODIS dataset using any of the six estimating equations, and OBS represents the corresponding Γ value measured by the flux tower. We measured the accuracy of EST through the following statistics: Absolute Bias (ABias), Percent Bias (PBias), and linear correlation coefficient (R):
where n is the total number of data pairs, and the bar indicates average value over n.
Results and discussion
Evaluation of Γ-estimating equations
Comparisons of Γ estimates (obtained from MODIS data using the estimating equations discussed in Section 2) to corresponding ground-based measurements at the tower sites are presented in Figs. 3 and 4 Vol. 91, No. 5 Jounal of the Meteorological Society of Japan 632 and Table 3 . Among all considered equations, the new G6 equation gives the best Γ estimates and resulting G estimates at all sites. The second-best estimates are given by G5. The rest of the equations (G1, G2, G3, and G4) give far worse results with substantial overestimation. The main difference between the good October 2013 Z. SUN et al. 633 (G6 and G5) and bad (G1-G4) estimating equations is that Eqs. (G1) through (G4) use only vegetation index information while G6 and G5 use additional information besides vegetation index that consider the effect of soil moisture condition. Our results indicate that the vegetation index information alone does not provide sufficient information to estimate Γ.
Effect of soil moisture on Γ
As shown in Fig. 5a , Γsoil depends on the magnitude of soil moisture. Therefore, ignoring the effect of soil moisture condition, as in Eqs. (G1), (G2), (G3) and (G4), could result in substantial errors in Γ estimation. Equations (G5) and (G6) give better estimates of Γ as both consider the effect of soil moisture condition. However, because of substantial differences in their model structures, the equations give substantially different results, particularly in the semi-arid and arid regions (See Figs. 3 and 4) . The maximum estimate of Γ given by G5 (for α = 0.2, Ts = 20°C, and NDVI = 0) is below 0.15, which is much lower than the actual Γ measurements at the Yucheng site. The imbalance of units in G5 has also been pointed out as another limitation of G5 (Murray and Verhoef 2007a) .
By comparison, G6 produces the most accurate results. The linear fit between Γsoil and M (Fig. 5a ) supports G6ʼs assumption that Γsoil varies linearly with the soil moisture condition (See Eq. 2). Comparison of the soil water content of bare soil surface layer to its albedo indicates a very good agreement between the two with R 2 of 0.72 (Fig. 5b) , suggesting that the soil moisture condition (W) can be reasonably estimated from the albedo of bare soil. Comparison of Γsoil (which is related to and M; see Eq. 2) at the Yucheng site (Fig. 5c) Figs. 5c and 6) . Therefore, the parameterizations in G6 have valid physical basis supported by data.
G6 application
As discussed above, the new G6 equation gives more accurate Γ results compared to those by most equations that are commonly used in remote sensing algorithms. This is due to the fact that this equation has a better representation of the effect of soil moisture on Γ. Solving for Γ using G6 requires inputs of αsoil, NDVI, Γveg, A, and B. The inputs αsoil and NDVI can be obtained from remote sensing data. Γveg can be fairly assumed to be a constant value (0.10 in this study). In this study, the regression parameters A and B of the Γsoil vs ln(αsoil) relationship were derived from fitting ground-based measurements. The site-specific values of empirical coefficients (A and B) of the proposed equation may be unavailable for data-lack areas. Approximate values of A and B could be useful for remote sensing applications. Through fitting Γsoil vs ln(αsoil) using data points from the three sites, the averaged values of A and B for the three sites are 0.08 and 0.33, respectively (Fig. 7) . Both averaged values were applied for G6. Results indicate that the averaged coefficients perform well to estimate Γ, when compared with results of Eqs. (G1) through (G4), although the accuracy is slightly degraded (Fig. 8) . It is suggested that the values of A and B (0.08 and 0.33) can be taken as initial estimates in regions where their values are not available.
Conclusions
Accurate estimation of soil heat flux is important in remote sensing evapotranspiration algorithms. Typically, the ratio (denoted by Γ ) of soil heat flux to net radiation is estimated from empirical equations that use remotely sensed information of vegetation index, albedo, surface temperature, or even a combination of October 2013 Z. SUN et al. 635 Fig. 6 . Relationships between Γsoil and αsoil over bare soil at the a) Taoyuan and b) Fukang sites. Fig. 7 . Fitting Γsoil and ln (αsoil) using data points from the three sites.
the three, depending on the equation. In this study, we evaluated the accuracy of the empirical equations by comparing Γ estimates obtained using the equations and MODIS input data to ground-based flux tower measurements at three sites in China that represent humid, semi-arid, and arid climates. Our results indicate the following: Equations that determine Γ on the basis of vegetation index information alone give highly inaccurate estimates. Information on soil moisture condition is critical to obtain more reliable Γ estimates. Soil moisture condition of bare soil is related to its albedo in a log-linear way. We have developed a new equation for estimating Γ.
The equation produces more accurate estimates than commonly used equations. This equation requires inputs of NDVI and bare soil albedo, both of which are available from remotely sensed information and two empirical coefficients. If the site-specific values of empirical coefficient are unavailable, the suggested values (0.08 and 0.33) could work for remote sensing applications. This study suggests that the proposed Gestimating equation could replace the existing Gestimating equations in remote sensing ET algorithms in future studies.
